Abstract: Laurel wilt (Lw) is a fatal disease. It is a vascular pathogen and is considered a major threat to the avocado industry in Florida. Many of the symptoms of Lw resemble those that are caused by other diseases or stress factors. In this study, the best wavelengths with which to discriminate plants affected by Lw from stress factors were determined and classified. Visible-near infrared (400-950 nm) spectral data from healthy trees and those with Lw, Phytophthora, or salinity damage were collected using a handheld spectroradiometer. The total number of wavelengths was averaged in two ranges: 10 nm and 40 nm. Three classification methods, stepwise discriminant (STEPDISC) analysis, multilayer perceptron (MLP), and radial basis function (RBF), were applied in the early stage of Lw infestation. The classification results obtained for MLP, with percent accuracy of classification as high as 98% were better than STEPDISC and RBF. The MLP neural network selected certain wavelengths that were crucial for correctly classifying healthy trees from those with stress trees. The results showed that there were sufficient spectral differences between laurel wilt, healthy trees, and trees that have other diseases; therefore, a remote sensing technique could diagnose Lw in the early stage of infestation.
Introduction
Avocado is the second most important tropical fruit crop in Florida after citrus [1] valued at tens of millions of dollars per year [2, 3] . The avocado crop is valuable to the state economy, and the avocado industry brings in a substantial amount of "new dollars" to the state, resulting in an overall economic impact of close to $100 million per annum [3] . However, the revenue from avocado in Florida has been greatly reduced (by 50%) due to the effects of laurel wilt (Lw) disease [3, 4] . Lw disease has caused serious losses in fruit quality and quantity, resulting in reduced sales, as well as an increase in agro-industrial waste, pesticide costs, and management expenses [4] . Lw disease has been reported as a major threat to the commercial production of avocado in Florida [5, 6] . One vector of Lw disease is the redbay ambrosia beetle [3, 4, 7, 8] . The redbay ambrosia beetle, Xyleborus glabratus Eichhoff (Coleoptera, Curculionidae, Scolytinae) is associated with fungal symbionts such as Raffaelea lauricola [9, 10] , a fungus that kills the tree by blocking water flow to the canopy [11] .
The secretion of redbay ambrosia beetle saliva helps to spread R. lauricola from tree to tree [12] . In addition, R. lauricola grows rapidly inside the wooden stems [5, 13] . The fungi reduce the tree's ability to transfer nutrients and water to the branches and leaves. Generally, the disease causes several changes to the plant, such as the change in color of the leaves from green to a red-purple brown, shoots were wilted and the leaf color changed from a dark oily green to light green on most leaves 14 days after inoculation (DAI), while others turned fully yellow. In that way, leaves were obtained 14 DAI for early stage and 45 DAI for late stage.
Salinity (Sln): One liter of salt solution was applied to each tree. The salt solution, at 36 g/L, was similar in concentration to that of the sea water from the east coast of Florida. Leaves showed some browning symptoms after seven days, and were taken for early stage. Then, another liter of the sea water liter was applied on experimental day 17. Further, browning symptoms were fully developed, similar to leaves affected by Lw after 21 days. Then, leaf samples representing salinity late stage were selected.
Phytophthora root rot (Prr): Ten plants were inoculated by infecting 10 pots with 6 grams of wheat seed colonized with Phytophthora cinnamomi. After 30 days, very few early symptoms of Prr appeared in the form of the yellowing of some leaves, and those leaves representing early stage were taken. After six months, late stage was considered for Phytophthora root rot and leaves were obtained.
Healthy (H): These plants were used as the control and were grown in full sun. During the early growth stage, the plants showed few symptoms of Lw and Prr, so some leaves did not turn totally yellow, especially those infected with Prr. However, during the late growth stage the plants showed many symptoms of Lw and Sln, such as discoloration and necrotic leaves depending on the severity of the stress factor. Figure 1 shows tested avocado leaves during these two stages.
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Spectral Data Collection
Forty leaves were sampled from each of the control and treated plants. Multiscans were taken at different positions in order to reduce the variability of the spectral device and the leaves. Five reflectance spectra per each leaf were collected at two stages of symptom development: early and late, depending on the symptomatic appearance. A handheld spectroradiometer (SVC HR-1024i™) (Spectra Vista Cooperation, Poughkeepsie, NY, USA) with a 4 • field-of-view optical lens and a spectral range of 350 to 2500 nm was used. Two portable halogen work lamps (500 W) were used as the light source, and the reference reflectance spectra were acquired using a white reflectance reference panel (Spectralon Reflectance Target, CSTM-STR-99-100; Spectra Vista Cooperation) [1] (Figure 2 ). Spectral data were selected in the visible and near infrared domain from 350 to 950 nm. Spectral data were averaged for both stages to 10 nm and 40 nm based on previous studies [36, 37] . The purpose of averaging data to 10 and 40 nm is to reduce the numerous wavelengths and also reduce noise and interference between wavebands. Additionally, waveband filters for 10 and 40 nm are available in the market and are reasonably priced for future sensor development. Therefore, the number of wavelengths for 456 nm was dropped to 49 and 15 wavelengths for 10 and 40 nm, respectively. Sample size for spectral reflectance data were applied between 196-200 for each category. 
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Data Analysis and Classification
SPSS software (SPSS Statistics ver.13.0, IBM Corporation, Aramonk, NY, USA) was utilized in this study for spectral analysis. The classifications were between H, LW, Prr, and Sln based on the 10 nm and 40 nm averaged reflectance data. The classifications were conducted in two stages of disease development: early and late. The analyses were performed independently for the early and late stage spectral data, as well as in a data set composed of all of the reflectance data in order to select the best bands for each development stage.
Stepwise Discriminant Analysis
Discriminant analysis permits the setting up of a predictive model of group membership based on characteristics observed in each case [35] . This method determines significant differences between variables so that repetitive variables can be eliminated [38] . The stepwise discriminant analysis (STEPDISC) procedure combines forward selection and backward elimination of the variables; forward selection is employed for the inclusion of a variable, and backward elimination is used for the removal of variables no longer significant in the model [38] . A Wilks's lambda distribution was performed to determine the significance of each discriminant function; the lower the Wilks's lambda value, the greater the spectral differentiation between groups [39] . Thus, at each step, the variable that minimized the overall Wilks's lambda value was entered [35] . The data were randomized and separated into two independent parts: one was used to develop and construct the 
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Discriminant analysis permits the setting up of a predictive model of group membership based on characteristics observed in each case [35] . This method determines significant differences between variables so that repetitive variables can be eliminated [38] . The stepwise discriminant analysis (STEPDISC) procedure combines forward selection and backward elimination of the variables; forward selection is employed for the inclusion of a variable, and backward elimination is used for the removal of variables no longer significant in the model [38] . A Wilks's lambda distribution was performed to determine the significance of each discriminant function; the lower the Wilks's lambda value, the greater the spectral differentiation between groups [39] . Thus, at each step, the variable that minimized the overall Wilks's lambda value was entered [35] . The data were randomized and separated into two independent parts: one was used to develop and construct the model and the second was used to validate the accuracy. The data set was divided into two parts: 30% for training and 70% for validation.
Neural Networks
Artificial neural networks operate by machine learning, in that inputs and outputs are given to the network one at a time and the network incrementally improves a model to approximate the input/output function [40] . Once the neural network has learned to carry out the desired function, the input values can be entered and the neural network will calculate the output [35] . Two neural networks were used: multilayer perceptron (MLP) and radial basis function (RBF).
The MLP neural model is a fully connected multilayer feed-forward supervised learning network trained by a back-propagation algorithm which reduces the quadratic error standard [35] . In the MLP, no values are fed back to earlier layers and the dimensions of the MLP are described as size of input layer × size of hidden layer × size of output layer [41, 42] . In this study, the input layer was the spectral data of H, Lw, Prr, and Sln leaves. The RBF is also a fully connected feed-forward neural network with an input layer, a hidden layer, and an output layer [35] . The variables of the input and output layers were the same as those used in the MLP method. The main differences between these two neural networks are that in RBF, the associates between the input and output layers are not weighted and the transfer purposes on the hidden layer nodes are radially symmetric [43] . The capability of MLP and RBF for every classification model was determined by a hold-out cross-validation method. Cross validation consecutively classified all variables, but the first one to develop a classification function and then classify the variable was left out [44] . The full dataset was randomly split into three datasets by partitioning the active dataset into training 60%, testing 20%, and holdout 20% samples.
Results
Figure 3a-c show the spectral signature of the early and late stage disease development of Lw, Prr, and Sln as well as H, respectively. There are apparent reflectance differences in the red-edge and NIR regions for early and late stage development for all treatments. Higher differences are found between the late stage of each treatment and the control, suggesting the potential to discriminate disease or damage at that level of infection. Spectral signatures at the early stage are very similar to those of the control and doing more difficult to discriminate at that stage of development. In the late stage, external symptoms had developed, leaves were wilted or desiccated and were a dull gray-green or brown color while leaves in the early stage were still green and just beginning to lose turgidity.
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Early Stage
In Figure 3c , the early stage of the Sln treatment shows higher reflectance values in the near infrared domain than for the late stage, which is typical for green vegetation. The same trend occurred for Lw and Prr diseases (Figure 3a, b) . Figure 3b shows a similar spectral signature for H and Prr at the early stage, since after 14 days very few early symptoms of Prr appeared. Figure 3 also shows the reflectance of different bands for control, Lw, and Prr where it does not show a significant difference for spectral reflectance in the blue bands. On the other hand, Lw disease always exhibited lower reflectance in the NIR domain (750-950 nm) than H, Prr, and Sln. Table 1 shows the classification results obtained from MLP and RBF for 10 nm and 40 nm bandwidth data, as well as the set of suitable wavelengths for that damaged and control leaf discrimination. The results obtained with MLP were better than those achieved with RBF where correct classification percentages ranged from 96% to 99% in all stages and comparisons (Table 1) . RBF obtained the lowest classification rate (65%) for 10 nm at the early stage between H, Lw, and Sal. Table 2 lists the percentage of correct classifications for every class in the MLP model at both 
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Stage-Waveband

Late Stage
The development stages of Lw disease varied in the visible and NIR ranges. The late stages had high reflectance in the 1300-2500 nm range. The late developmental stage showed a lower reflectance in the NIR range of 700-950 nm. Reflectance curves for plants affected by Sln varied from stage to stage depending on salinity concentration. Figure 3a shows Lw's spectral reflectance in the visible range from 550 to 700 nm increased during the late stage. Lw's late stage showed a significant difference in spectral reflectance spectra for healthy plants. The Prr late stage displayed lower reflectance than that of the healthy plants (Figure 3b) . The spectral signature curve showed variation in reflectance values, especially for Prr late stages in the NIR domain. The overall classification percentage was 92%-99% for all MLP. STEPDISC was the second-best method with RBF being the worst of the three classification methods. Table 5 shows the MLP and RBF classification results for the combination of the early and late growth stages for the 10 and 40 nm bandwidths. RBF produced a low value and a high value of Agriculture 2016, 6, 56 9 of 13 classification for the combination of H, Lw, and Prr for 40 and 10 nm (65% and 71%, respectively). MLP resulted in a high classification value for the combination of H, Lw, and Prr at 10 nm, while the combinations of H, Lw, and Sal at 40 nm and H, Lw, and Prr at 40 nm had the lowest value. NIR (700-900 nm) was the most frequent range, especially the red-edge, with the exception of the combination of H, Lw, and Prr at 10 nm under MLP for which the blue and green bands were the most common (445, 515, 504, 433 nm).
Combination of Early and Late Stages
Stepwise classification values are shown in Table 6 . The lowest classification in Table 6 is that of the combination of H, Lw, and Sal at 40 nm having a cross validation value of 80%. The average of all categories at 10 nm had a higher value than the average of the categories at 40 nm. The wavebands between 700-800 nm were the most common for all categories. The correct classification percentage was 92%-98% for all MLP. STEPDISC was the second best method, with RBF being the worst of the three classification methods. 
Discussion
In the early stage for Lw and all other stress factors, the spectral reflectance showed varying reflectance signatures, for example, in the visible range the spectral signature increased in the blue and red range while in the green range, it showed either an increase or a decrease of reflectance value. Although we were able to observe the changing of the colors of the leaves for many of the categories, not all had the same level of change. The challenge was for trees that were in the very early stage "asymptomatic". At this stage, it was not easy to differentiate between healthy and infected trees. The chlorophyll and pigment in leaves strongly absorb blue and red light in order to conduct the photosynthesis that is necessary for plant metabolism, meaning that any change in concentration of the chlorophyll will lead to changes in spectral reflectance depending on the pigment ratio [45, 46] . NIR domain reflectance can provide good indicators of cell structure damage to leaves caused by disease, drought, and nutrient deficiency. Any overall change in the leaf will impact the spectral reflectance which therefore makes it a good indicator to use in hyperspectral detection methods [25, 47] . The spectral signature for healthy plants had high absorption in red and blue, with a green peak at 550 nm. Each disease development stage had unique spectral reflectance signatures, indicating a relationship between spectral signature and the appearance of disease symptoms [27, 28] .
In the NIR domain, the reflectance increased or decreased depending on the disease symptom stage, thus leaf cell damage for Lw, Sln, and Prr showed different reflectance curves than for the healthy plant. Water content is another factor that might have an effect on reflectance. Water content could affect the absorbance or reflectance of light depending on the water quantity in the leaf [48] [49] [50] [51] . The ambrosia beetle blocks the flow of water in the xylem to support its growth, and therefore water flow or water content is a very important indicator for this disease. All of these factors (e.g., chlorophyll concentration, water content, wall cell damage, and severity of disease) could affect spectral signature and showed different curve signatures. Each affecting factor has a different curve signature for all categories [24] [25] [26] .
The main purpose of this study was to select spectral bands in the VIS-NIR range that can be used to differentiate between healthy, laurel wilt diseased, salinity damaged, and Phytophthora root rot infested trees. Several wavebands were selected for classifying trees with different stages and types of disease and stress factors. There are many studies on band selection to obtain the best bands in the VIS-NIR range to reduce the huge number of narrow bands, minimize redundancy, and to obtain a statistical model without a long process (i.e., smaller number of spectral bands are more convenient and more efficient in hyperspectral analysis) [48, [52] [53] [54] [55] . The MLP classification method resulted in classification values for all of these treatments. This is related to the progressive nature of disease development, which makes it easier to differentiate the late stage than the early stage. By detecting disease at the early stage, particularly at asymptomatic stage, growers can spray or remove the affected tree and manage the disease more cost effectively before the disease spreads to the rest of the grove [36] . Using smaller number of spectral bands it is possible to use inexpensive remote sensing tools such as small drones to detect the LW infected trees [36] . The results of this study agree with the results of other studies using classification methods [35] , so the classification accuracy were higher in late stage of infection compare to the other stage of the disease. The purpose of combining the early stage and late stage data to obtain wavebands could be used in the early and late stage at the same time because not all tree leaves show a lot of symptoms at the same time. Disease is transmitted depending on severity of disease and disease development stage [24, 37] . Environmental factors and the population of the vectors also affect the dynamic disease transmission in plants [14, 56, 57] . Sometimes the symptoms would be obvious in the crown and do not appear on the bottom side of the tree. Fast decision-making and time-effective spraying at specific locations will lead to less pollution of the environment. Accurate band selection and classification are important to encourage the grower to use these methods for timely and appropriate decision-making. This is the first instance in which the spectral signatures of leaves from avocado trees have been used to determine spectral reflectance and to recommend appropriate bands to detect Lw disease and other factors.
Conclusions
The results of this study showed that it is possible to classify Lw-, Phytophthora root rot-, and salinity-damaged leaves of avocado trees from healthy leaves using visible and near-infrared (400-950 nm) spectral bands for the data collected under laboratory conditions. The classification of different diseases and stress factors studied in this work can be done at both the early and the late stage of disease infection; however, developing a classification technique that works for both early and late stage of different diseases and stress factors will result in lower detection accuracy. Since for practical purposes, it is more desirable to detect the disease at the early stage of disease or stress infection, it is better to use a classification model that is developed for early stage. Comparing the classification results for 10-nm and 40-nm bandwidths showed similar results, indicating that the narrower band width does not produce better results and that the 40 nm wide bands can be as good as narrower bands. The MLP model created the best classification accuracy in both early and late stage as compared to other models used in this study. The next step of this study is to test this model under field conditions in commercial groves to test the validity of the model under field conditions.
